In this study, segmentation of quadriceps muscle heads of ultra-endurance athletes was done using a multi-atlas segmentation and corrective leaning framework where the registration based multi-atlas segmentation step was replaced with weakly supervised U-Net. For the case with remarkably different morphology, our method produced improved accuracy, while reduced significantly the computation time.
Introduction
Accurate quadriceps muscles segmentation remains challenging due to the lack of clear muscle head boundaries (Prescott et al., 2011) , especially in ultra-endurance athletes. We recently have adapted the multi-atlas segmentation with joint label fusion (JLF) and corrective learning (CL) method of Wang and Yushkevich (2013) to segment our dataset (Nguyen et al., 2018) with only 7 atlases. However, the JLF step is extremely expensive in term of computational time and is not robust in the case of large morphological variation among subjects. Here, we proposed to conserve the principal structure of Wang's framework while replacing the multi-atlas segmentation + JLF step with U-Net (Ronneberger et al., 2015) .
Data
Our data included 3D T1-weighted Water (T1W) MR images collected from 50 volunteered athletes from the Tor des Géants Mountain-Ultra-Marathon (MUM) 2014. On 7 T1W volumes, our medical experts delineated the 4 right thigh's quadriceps muscle heads. These 7 images were separated into 3 groups with remarkably different morphologies: 5 young to middle-aged males, 1 elder male and 1 female. The right leg image volumes of the female and a young male will serve as test set while the remaining will be our training and validation sets. Meanwhile, our test set also includes 3 left thigh images of young male subjects.
Data augmentation is done with the help of deformable registration and random BSpline warping, hence the weakly supervised part (our U-Net will be trained with experts' segmentations and also weak automatically generated ones). To obtain balanced morphologically diverse training data set, the registration was performed using selected athletes not included in the test set. (Figure 1 ) in which the automatic segmentations of reference images were fed to a CL algorithm that learns and then corrects the typical errors made by the automatic multi-atlas segmentation method. Here, the segmentation method by multi-atlas deformable registration and JLF was replaced with U-Net. The original U-Net of Ronneberger et al. (2015) was used with a Batch Normalization layer after each convolutional layer and ReLU activation function. Before ending with a softmax layer, we added a dropout layer with a coefficient of 0.2 (Li et al., 2018) . The axial slices were considered separately and were re-stacked at the end to get the full 3D volume.
Method
We trained and validated a complete U-Net with the entire training and validation sets. For the CL step, we trained 5 other U-Nets by using each one of the original right thigh image volumes of the 5 male subjects in the training set for validation. The training set for each of these 5 networks was the original one excluding the image volume used as validation and the volumes derived from it. The segmentation were evaluated using DICE score, Hausdorff distance (HD) and Mean Absolute Distance (MAD) that were computed in 3D for the right thigh volumes and in average of 2D axial slices with available manual segmentations for the left thigh volumes. The Figure 2 shows sample results and the Table 4 quantifies results on test set in term of DICE score, HD and MAD. Our approach with U-Net delivered, on one hand, a big improvement in quality of segmentation of the female right leg, on the other hand, a slight decline for male right and left legs. The CL step had, overall, a positive impact on the result, except for the DICE score for the male right leg. This can be explained by the fact that CL is very strong at correcting boundary errors, it is not as efficient in the case of large distanced errors.
Results
The U-Net approach have significantly reduced the computation time compared to the one of Wang and Yushkevich (2013) . The JLF algorithm took 20 hours to produce a segmentation for one volume with 16 CPUs running in parallel. Training for CL in the case of 5 atlases took 100 hours. Meanwhile, each one of our U-Nets took only 2 hours of training on a Tesla V100 SXM2 32 GB. 
Conclusion
The proposed segmentation based on U-Net and corrective learning provided similar or even improved accuracy with substantially reduced computation time especially in the case of diverge anatomical morphologies. This automatic segmentation will allow us to investigate the local changes in individual quadriceps heads; hence, the possibility of monitoring the damages in each individual muscle heads along the MUM. An improvement with U-Net 3D and revisited corrective learning is in progress.
